Poisson Noise Reducing Bilateral Filter  by Thakur, Kirti V. et al.
 Procedia Computer Science  79 ( 2016 )  861 – 865 
Available online at www.sciencedirect.com
1877-0509 © 2016 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of the Organizing Committee of ICCCV 2016
doi: 10.1016/j.procs.2016.03.087 
ScienceDirect
7th International Conference on Communication, Computing and Virtualization 2016 
Poisson Noise Reducing Bilateral Filter 
Kirti V.Thakur*,Omkar H. Damodare,Ashok M.Sapkal 
College of Engineering,Pune,411005,Maharashtra,India 
 
Abstract 
  Noise removal is a classical problem but not yet solve completely. So researchers are attracted to this problem again and again. 
Poisson noise is signal dependent noise and to remove this kind of noise, additive noise removal techniques are not helpful. Existing 
state of art methods such as non-local mean filter, bilateral filter, BM3D algorithms works better for reducing additive noise. Non 
local mean filter and BM3D algorithms are further modified for Poisson noise reduction but they require more execution time to 
remove the noise. In this paper we proposed a spatial domain filter by modifying bilateral filter framework. Advantages of proposed 
filter are non-iterative nature, simplicity and edge preserving ability. It gives image quality comparable to current state of art method 
such as non-local mean filtering. Also, time required for this modified bilateral filter is very less than other techniques.  
© 2016 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the Organizing Committee of ICCCV 2016. 
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1. Introduction 
Digital modalities such as X-ray, Ultrasound, MRI etc. plays vibrant role in medical field. In spite of their 
importance, these modalities suffer from image noise which affects imaging quality. This paper is mainly focused on 
X-ray image denoising. Generally, X-ray image formation is based on photon counting statistics which follows Poisson 
process and noise present in X-ray images also follows Poisson distribution. Therefore, this noise is known as    Poisson 
noise, also termed as shot noise. Presence of this noise hampers diagnosis of minor hairline fractures within bones, 
cough in chest etc. So, removing this noise from medical x-ray images is very much important for correct diagnosis. 
This Poisson noise is considered as signal dependent noise that is magnitude of noise varies with respect to signal. 
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However, this noise affects more in low intensity regions of an image because at low intensity levels, signal power is 
also less as compared to noise. At high intensity levels, although noise power is more but signal power is also more. 
So, comparatively degradation caused by noise at high intensity levels is less than that of low intensity levels.  
The organization of paper includes literature survey in section 2. Section 3 explains basic theory and mathematical 
structure of bilateral filter along with proposed work for Poisson noise removal. Section 4 contains experimentation 
and comparison with previous techniques and visual results of proposed method. Section 5 is conclusions and future 
scope. 
2. Literature Survey 
Because of signal dependent nature of this noise, normal denoising techniques which are used to remove additive 
noise will not be helpful in this case. To tackle this problem, broadly two approaches viz. spatial domain filtering and 
transform domain techniques are used with some kind of preprocessing. Well known algorithms from spatial domain 
methods to remove Poisson noise includes non-local mean filter1, non-local means filter dedicated to remove Poisson 
noise2, bilateral filter3, moving average filter, etc. Non-local mean filter to remove Poisson noise2 is an extension of 
normal non-local mean filtering algorithm which was developed for removing additive Gaussian noise. Authors2 
considers Poisson distribution along with noisy input image and pre-filtered image to select parameters for the filter. 
This filter gives better results as compared to moving average filter but, the denoising process is iterative and hence 
requires more time. Bilateral filter3 considers geometric and photometric distance of candidate pixel in local window. 
Because of this framework, it removes noise as well as preserves edges. Again compared to non-local mean filter, 
bilateral filter is simple and non-iterative algorithm. So, it requires less amount of time for denoising application. 
Regardless of these advantages, selection of parameters for bilateral filter is crucial job. Depending upon parameters 
chosen, performance of filter varies. 
Transform domain algorithms for image denoising can provide sparse representation for image and removes noise 
but depending upon directional limitations, some artifacts remain in that image. That is, some detail information cannot 
be retained in transform domain approaches. To overcome this limitation, authors4 introduced a hybrid approach using 
spatial domain and transform domain to remove the noise from the image, termed as image denoising with block 
matching and 3D filtering, popularly known as BM3D algorithm. In this algorithm, image is divided into number of 
blocks after taking transform of the image and according to similarity of these blocks, they are arranged to form a 3D 
array. Then noise is eliminated using suitable shrinkage operator. This method removes additive Gaussian noise from 
images in very efficient way. In paper5, authors extended BM3D concept to remove Poisson noise present in the 
images. This method makes use of generalized Anscombe transform to stabilize the variance of noisy input images. 
Using this variance stabilization transform, noise in the image can be remodeled as Gaussian noise and then any 
additive noise removing algorithm can be applied. Also, this method considers mixture of Gaussian and Poisson noise 
in the images and gives state of art results. 
Because of simplicity, non-iterative nature and edge preserving behavior of bilateral filter, it is more popular in the 
image denoising application. In another paper6, bilateral filter is modified to remove the speckle noise present in the 
ultrasound images. This modification includes calculation of photometric weight by considering the fact that fully 
developed speckle noise follows Rayleigh distribution. This method successfully removes the noise and preserves the 
edges in the ultrasound images. Also this method provides comparable results to the state of art techniques. Inspiring 
from this, Poisson Reducing Bilateral Filter (PRBF) is proposed in this paper. 
3. Related Theory and Proposed Work 
3.1 Bilateral Filter: 
 
Bilateral filter is one of the popular spatial domain filtering techniques used to remove the noise from the images.     
It considers geometric closeness as well as photometric closeness of pixels in small neighborhood (local window) to 
estimate the corresponding pixel’s value. Bilateral filter3 proposed by Tomasi and Manduchi is mainly to remove 
additive Gaussian noise from images. So, in that filtering algorithm weight calculation for geometric and photometric 
closeness of pixels is done by using Gaussian distribution formulae.  
863 Kirti V.Thakur et al. /  Procedia Computer Science  79 ( 2016 )  861 – 865 
If ‘f’ is given noisy input image, then only spatial domain filtering will produce output as given in equation 13 
below 
 
݄ଵሺݔሻ ൌ ݇ௗିଵሺݔሻ׭݂ሺߝሻǤ ݁ሺߝǡ ݔሻ݀ߝ                     (1) 
 
Where, ݁ሺߝǡ ݔሻ = Geometric distance between center x and nearby pointsߝ.  
Similarly, by considering only intensity differences in the small local window, filtering will produce output given by 
equation 23, 
 
݄ଶሺݔሻ ൌ ݇௥ି ଵሺݔሻ׭݂ሺߝሻǤ ݏሺ݂ሺߝሻ݂ሺݔሻሻ݀ߝ                     (2) 
 
Here, ݏሺ݂ሺߝሻ݂ሺݔሻሻ = Photometric distance between center x and nearby pointsߝ. 
Since bilateral filter uses combination of both spatial distance and intensity distance of pixels in local window, 
application of bilateral filter in local window will give output as given in equation 33, 
 
݄ሺݔሻ ൌ ݇ିଵሺݔሻ׭݂ሺߝሻǤ ݁ሺߝǡ ݔሻǤ ݏሺ݂ሺߝሻ݂ሺݔሻሻ݀ߝ                    (3) 
 
Here, k(x) is normalization constant given by equation 43, 
 
݇ሺݔሻ ൌ ׭݁ሺߝǡ ݔሻǤ ݏሺ݂ሺߝሻ݂ሺݔሻሻ݀ߝ                     (4) 
 
In normal bilateral filter proposed to remove additive Gaussian noise, these geometric distance (e) and photometric 
distance (s) are assumed to follow Gaussian distribution given by equation 53 and 63 respectively 
 
݁ሺߝǡ ݔሻ ൌ  ൬ିଵଶ ቀ
ௗሺఌǡ௫ሻ
ఙ೏ ቁ
ଶ൰                                         (5) 
 




ቇ                            (6) 
 
where d is Euclidian distance. 
 
3.2 Poisson Noise Statistics and Proposed Work 
 
    As stated earlier, X-ray images are formed according to photon counting statistics which follows Poisson 
distribution and these images are corrupted by shot noise which also follows Poisson distribution given by equation 7 
as, 
 
ܲሺ݇ሻ ൌ ୣ୶୮ሺିఒሻఒೖ௞Ǩ                                        (7) 
 
Here, ߣ is mean and k is the expected value.  
  By considering this, we have proposed modification in bilateral filter. We have replaced photometric distance by 
distribution function given in eq.7. With this modification, weight assignment to each pixel in local window will 
change. Value of ߣ is selected as mean in the local window in which pixel lies. Therefore, this value will change as 
image is traversed. Fixing the value of ߣ for a particular window, value of k is estimated from maximum likelihood 
estimation7 (MLE). By using this MLE, value of k is estimated and given in following equation 8 as, 
 
̰݇ ൌ ߣ                       (8) 
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Using these modified values of k andߣ, eq. 7 is used to calculate photometric weights in the proposed filter, Poisson 
Reducing Bilateral Filter (PRBF).  
 
4. Experimentation and Results 
     We have done experimentation in MATLAB 2013a environment. We have used Poisson noise with different peak 
intensity as given in table-1. We have compared our proposed filter with current state of art filters like Non Local 
Means, Bilateral filter and Moving Average filter. Following table-1 gives this comparison of Peak Signal to Noise 
Ratio (PSNR) for general images corrupted by Poisson noise with above mentioned techniques. Table 1 also gives 
information about time required for execution of non-local mean filter for Poisson reduction and our proposed Poisson 
Reducing Bilateral Filter. Time mentioned for NLM-Poisson code in the table 1 is for one iteration. For complete 
processing, code takes at least 5 to 7 iterations depending upon image. 
Table 1: Comparison of proposed work with different algorithms 
Image Peak    PSNR (db)   Time Required (sec) 






PRBF (Proposed) NLM Poisson PRBF 
 10 13.28 20.15 23.53 25.07 19.39 21.04 7.48 2.94 
Cameraman 30 18.03 20.29 26.77 27.42 21.18 23.69 7.37 2.99 
 120 24.05 20.33 29.39 29.47 24.81 25..28 7.32 3.00 
 10 13.14 20.93 23.33 25.32 19.90 21.49 7.43 3.22 
Papers 30 17.91 21.11 26.98 28.07 24.78 25.51 7.33 3.16 
 120 23.92 21.16 30.64 31.06 26.80 29.41 7.41 2.99 
   
From above table, we observed that Non-local mean filtering algorithm is an iterative technique to remove the noise 
from images that is why it requires more time for execution. However, proposed Poisson Reducing Bilateral Filter is 
non-iterative in nature. Hence, execution time is less and quality of filtered images is acceptable. Proposed filter’s 
performance is compared with Bilateral filter on following X-ray images. 
Figure 1 shows visual results of proposed method along with noisy observations. 
            
  
Fig. 1: (a) is noisy x-ray image of hand with PSNR = 20.05, (b) is reconstructed image by bilateral filter with PSNR = 27.28 and (c) is 
an image reconstructed by PRBF with PSNR = 28.84 
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Fig. 2: (a) is noisy x-ray image of knee with PSNR = 18.44, (b) is reconstructed image by bilateral filter with PSNR = 25.62 and (c) is 
an image reconstructed by PRBF with PSNR = 27.78 
 
 
5. Conclusions and future scope 
This proposed Poisson Reducing Bilateral Filter (PRBF) is specially designed to denoise the images corrupted by 
Poisson noise. Since proposed filter is modification of Bilateral Filter, advantages of bilateral filter such as simplicity, 
non-iterative nature and edge preserving ability can be observed in proposed filter. Proposed filter gives better image 
quality than that of normal bilateral filter for Poisson corrupted images. Time required for complete execution of 
proposed algorithm is much less than that of NLM-Poisson filter. In addition, quality of images reconstructed from 
proposed method are almost comparable to NLM-Poisson filter. We conclude that Poisson Reducing Bilateral Filter 
could be best choice when time constraints are prime important.  
In future, performance of this algorithm could be improve by considering new estimation frame than that of 
Maximum likelihood estimation frame work which is used for prediction. 
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